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Abstract: In recent decades, the concept of urban density has been considered key to the creation of
sustainable urban fabrics. However, when it comes to measuring the built density, a difficulty has
been observed in defining valid measurement indicators universally. With the intention of identifying
the variables that allow the best characterization of the shape of urban fabrics and of obtaining the
metrics of their density, a multi-variable analysis methodology from the field of artificial intelligence
is proposed. The main objective of this paper was to evaluate the capacity and interest of such a
methodology from standard indicators of the built density, measured at various urban scales, (i) to
cluster differentiated urban profiles in a robust way by assessing the results statistically, and (ii) to
obtain the metrics that characterize them with an identity. As a case study, this methodology was
applied to the state of the art European urban fabrics (N = 117) by simultaneously integrating 13
regular parameters to qualify urban shape and density. It was verified that the profiles obtained
were more robust than those based on a limited number of indicators, evidencing that the proposed
methodology offers operational opportunities in urban management by allowing the comparison of a
fabric with the identified profiles.
Keywords: urban shape; built density; urban fabric; artificial neural network; self-organizing maps;
urban design
1. Introduction
The concept of density is now often considered a key determinant of the sustainability and urban
structure of a city [1]. Examples of this can be found in studies on energy consumption in transport,
such as through the correlation low density and dependence on car use [2–6], showing the reduction in
efficiency in the Urban Sprawl [5], or controlling residential density in transit-oriented development [7].
It has been described how low density generates homogeneity and social segregation [8], the decline
of communities [9], with hostility, especially in the lives of women and single parents [10], and,
in short, a decline of the city [11]. It has also been described that an increase in land use occupation
contributes to the reduction of urban biodiversity [12]. It has been proved that the influence that
typologies and urban morphology have on the energy consumption of the city [13] affecting even
their microclimate [13–16]. The density of use also influences the dwelling price [16,17]. Jabareen
has stated that it is now widely accepted that the compactness of the built environment allows for
more sustainable urban forms [18]. Churchman described the key role of high density as an aim of
urban planning. The author analyzed the potential advantages and disadvantages of high density.
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To this end, he compiled references and specific actions by evaluating their approach and impact in
terms of environmental quality, the improvement of transport systems, the improvement of physical
infrastructure and urban shape, and in terms of social and economic factors [19]. This type of research
highlights the importance of measuring the built density, using appropriate metrics. As has been
shown, density is a key factor, especially due to its influence on the sustainability, vitality, and quality
of life of urban fabrics.
Looking at the concept of density in-depth reveals that it is a complex concept, used by multiple
disciplines, and that it changes depending on the territory and country [19]. Some authors have
differentiated between density itself (relation between the physical space and the population that
inhabits it), perceived density (individual perception of the number of people in a place), and crowding
(negative perception or stress that accompanies density) [20]. Among such dimensions, there is often a
connection, such as the one found between housing densities, named net dwelling density, population
density, and the floor area ratio as a measure of building intensity [20].
Considering that each discipline has its own definitions of the concept of density, this paper opts
for a focus on the indicators commonly used in urban planning. This approach is no less problematic
and lacking in agreement in its definition [19], and especially in the way it is measured [21], even to
the present day [22,23], remaining a subject of full relevance in current urban planning [16,24,25].
Some authors, and especially Meta Berghauser Pont [26–30], have contextualized the role of
density measurement, management, and control in the definition of cities. This relevance of density
is observed from the antique height limitation of the buildings of the congested Roma of Emperor
Augustus in the first century BC [31], to the definitions that have founded the contemporary concept
of built density. Among the latter, it is worth highlighting the limitation of the occupation of the plot
introduced in 1860 by Cerdá in the Eixample of Barcelona [32]; the limitation of 75 inhabitants per
hectare of the Howard Garden City proposals of 1898 [33], the maximum density of 30 dwellings per
hectare in Unwin’s 1909 proposal [34], management through a parameter equivalent to Floor Space
Index in the Reform Building Ordinance of Berlin in 1925 [35], and through the control of spaciousness
in Hoenig in 1928 [29]. The built density was also used since the 1950s to manage compensation
strategies to favor the generation of the wished form and complexity, as in the case of New York.
Its tool named “bonus” [36] was applied to the floor area ratio, which managed to encourage the rise
of public spaces and businesses in privately owned areas.
A more complex approach soon became necessary. This was achieved by introducing multiple
variables analyzed simultaneously. Walter Gropius in 1930 related building height, solar angle, and
land use with built density [37]. Several decades later, Leslie Martin and Lionel March would retake
this line of work relating the number of plants, and typology, with the concept named as “constructed
potential” [38]. In this way, they connected urban form, in the form of a courtyard, corridor, or pavilion,
with the intensity of the resulting construction. Among the most recent studies, it is worth highlighting
approaches in which several variables of the urban form are handled simultaneously, placing special
value on indicators such as the floor area ratio (FSI), the Ground Space Index (GSI) and network density
(N), and analyzing them in an integrated manner [26–30]. Recently, this approach has been updated by
reflecting on the works of Martin and March, and incorporating two new variables in the analysis:
depth of buildings in plan, and cut-off angles describing the distances by which buildings are separated.
Thus, according to its author, a more precise morphological categorization is achieved [39]. Finally, it is
worth highlighting certain works in which the identification of urban fabric typologies is proposed,
carried out by means of cluster analysis techniques [26,40], sometimes with a multi-scale approach at
the level of buildings, blocks and streets [40], and in others focused on a unique scale and the exclusive
use of the variables FSI, GSI, and N [26]. None of them statistically evaluate the meaning of each of the
proposed clusters. In the second work [26] the convenience of incorporating other complementary
variables to quantify density is not evaluated either. This issue is discussed in this paper. To this
end, other methodological alternatives are evaluated that allow the integration of a greater number of
variables that provide the identification of clusters or profiles in a more robust manner.
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Despite the relevance of the concept of built density, as it has been described that when it comes
to evaluating or measuring built density, there is no agreement on the most appropriate variables in its
definition. Specifically, it should be noted that in the state of art there are certain knowledge gaps: (1)
the lack of using statistical clustering methods (e.g., [29,38]); (2) the lack of including a broad spectrum
of variables in clustering analysis (e.g., [26]), which could compromise the robustness; and (3) the
lack of integrating various scale levels, no one has thus combined the fabric and island scale in one
clustering analysis (Berghauser Pont et al. start at the neighborhood scale and then scales up to a 5 km
buffer [26]).
With a focus on addressing such knowledge gaps, the main aim of this study was to evaluate
the capacity and interest of a methodology based on artificial intelligence techniques, specifically the
self-organizing map (SOM) (1) to cluster and identify robustly differentiated urban profiles, interpreting
the results statistically, based on a broad spectrum from classical indicators of built density, applied at
various scales (fabric and island scale), and (2) to obtain metrics that characterize each such profile
with identity. In order to identify the variables that allow the best characterization of urban fabrics,
along with their density metrics, we used the Spacematrix’s density indicators and case studies [29,30],
from which we implemented artificial intelligence methodologies [41], facilitating the simultaneous
and holistic integration of all the variables considered.
The paper is structured as follows: Section 2 describes the sources of information and procedures
carried out on them. Section 3 reports the results achieved and the different patterns and profiles of
density found in the assessment of the urban fabric are described and characterized; Section 4 gives
the main contributions of the work in relation to the state of the art. Finally, the main conclusions are
highlighted in the last section.
2. Materials and Methods
2.1. Materials
As a case study on which to validate the proposed methodology, the parameters of the built
density described in the documentary based on European urban fabrics provided by Berghauser Pont
and Haupt in Spacematrix [29,30] were used. These authors developed an investigation with aims
relatively similar to ours, providing 117 cases of European urban fabrics located in the Netherlands,
Germany (Berlin), and Spain (Barcelona). In our study, we uniquely analyzed the urban form and
the built density as measures of physical density, without the aim to use other measures of densities.
For this reason, neither the population density (i.e., inhabitants/ha) nor the density of dwellings
(i.e., number of dwellings/ha) were incorporated, as these are factors that change relatively easily over
time, without the built density necessarily being affected. Our mean contribution is about an existing
method to cluster pattern of the built environment, based on Spacematrix and, therefore, the same
variables are used on it. For each of these fabrics, the following variables were collected [29]:
- Base Land Area (A): Area of the perimeter that delimits each fabric in study based on its
delimitation in the homogeneity and similarity of its forms and in a common origin or planning by
means of a project and identity design.
- Floor Space Index (FSI): Relates the total built area and the total floor area of a fabric. It is an
abstract index that by itself does not incorporate characteristics of the uses to which it refers. In certain
references to this parameter, it is named the floor area ratio (FAR) [20].
- Ground Space Index (GSI): the relationship between the built space and the total fabric area.
This is an index of land consumption by the building, also called coverage [20].
- Open Space Index (OSR): the relationship between unbuilt space and total built surface. This is
an index that describes the amount of free area corresponding to each unit of building area. Calculated:
OSR = (1 − GSI)/FSI.
- Layers (L): Average height of buildings. It is calculated: L = FSI/GSI.
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- Network Density (N): Concentration of net on the base land area. It is calculated by adding the
interior street length of the fabric studied and half the perimeter street length and dividing it by the
total surface area of the fabric. It is a factor that indicates the amount of infrastructure at a location.
- Mesh width (w): Average distance between road axes. Describes how dense the road mesh is.
Calculated: w = 2/N.
- Profile width (b). Mesh size: Average width of the road. Calculated: b = 2 [1 − √(1 − T)]/N.
- Tare (T): Relationship between the surface of the road and the total of the base land area (A). It is
an index that relates the proportion of public land (roads and open spaces) and private land (inside the
urban blocks).
The above nine variables were evaluated by taking into consideration the entire area of the fabric
under study, including the road surface that is delimited by its perimeter. In this study and in its
sources [29,30], they are called with the prefix “Fabric”. Both studies also incorporated five additional
variables that correspond to the previous variables when they are measured without considering the
interior road to the perimeter of the fabric. These variables are A, FSI, GSI, and OSR. Following the
nomenclature of the authors of the database [29,30], the prefix “Island” was added to these variables.
2.2. Introduction to Artificial Intelligence Methods Used in Research
This research proposes a holistic approach to all the variables involved, seeking coherence between
the data. This was carried out by determining patterns between the values of the different variables that
represent each urban fabric of the study. In order to determine such patterns, data mining procedures
from the artificial intelligence field were implemented. Specifically, an artificial neural network (ANN)
was used, understood as a computational model inspired by biological neural networks. The ANN
used in this work introduces an unsupervised (not requiring human participation in training) and
competitive learning called the self-organizing map (SOM). This is a methodology consisting of an
iterative model [42] that presents the peculiarity of generating, as a result, a topological representation
(map) in which the objects or entities of study can be represented. In this representation, each item
of the survey—in our case, each of the different urban fabrics involved—is represented surrounded
by, or near to other urban fabrics, which, after training turn out to be similar. Thus, all the variables
are involved in the obtained result, and structures of coherence emerged between the values that
were reached for each one of them. SOMs have the quality of generating prototypes of knowledge
by discovering patterns and trends in the data [43], a phenomenon that is considered fundamental,
and this method has already been used for the discovery of precisely these structures. These topological
structures are extremely useful for making comparisons between the entities under analysis, between
the profiles obtained, or between the entities and the identity profiles themselves.
The SOM methodology does not require data normalization when the analysis has more than 12
dimensions [44], showing great resilience and robustness to multicollinearity problems [45,46].
SOMs have important advantages over other statistical models that assume the linearity of
relationships between variables [47]. Thus, SOMs are more powerful than linear models for analyzing
the properties of variables and are of singular interest for their topological representations [48]. The SOM
is a data mining technique with a heuristic approach [49], constituting, together with the K-means,
the most popular clustering methods [49]. The SOM provides better results than the K-means [50],
with the added singularity that through its maps, it evidences the topological relationships and the
similarities or differences between the data.
The SOMs originally proposed by Kohonen in 1982 [41] soon had wide acceptance and application
in multiple disciplinary fields, proving very useful for the discovery of knowledge in exploratory
research [51]. Although, in the early years, they were mainly used in areas related to statistics and
information technologies [52], more recently, Kohonen himself opened the SOM methodology to the
social sciences field with his seminal work on global welfare and poverty structures [53].
The SOMs have been used in fields close to the discipline of urban and spatial planning in
various studies, among which we can highlight the analysis and classification of German cities [54],
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the representation of temporal dynamics of the city of Harrisburg (USA) [55], the identification of
urban sprawl dynamics of Milan (Italy) [56], the classification of demographic regions from census
data in Athens [57], the analysis of the residential market from price variables, and residential
qualities in Finland, Hungary and the Netherlands [58], the visualization of spatial-temporal patterns
of geographical variables in the USA [59], the characterization of neighborhoods based on census
information in New York [60], the classification of German communities based on information on
population, migration, taxes, residence, employment, and transportation [61], or the obtaining of
patterns of urban transformations in European cities [62]. More recently, SOMs have been useful in
characterizing historical urban fabric in Santa Fe (Spain) [63], in integrating information on climate,
topography, soil, geology, land use and population [64], in obtaining semantic representations of
exemplary neighborhoods [65], facilitating the comparison of the level of orientation of several cities
towards the transit-oriented development approach [66], in the classification of European climate
change adaptation initiatives [67], or in the analysis of opinion surveys on urban environments [68].
The research methodology is based on SOMs, and although it has rarely been used by other
research for morphological analysis of urban density, it is a powerful and reputable alternative to
traditional statistical techniques [57] which can be used itself to analyze and visualize data [53].
Some authors have rejected or criticized techniques based on ANNs, generally alluding to the black
box phenomenon, and for a hypothetical lack of knowledge of what happens inside the ANN [69].
This problem refers to the fact that only the final results are shown and not the process that has been
carried out. In our case, we considered that this problem is not such for three fundamental reasons:
(1) the algorithm governing the artificial neural network process is perfectly documented; (2) the
iterative process can be stopped at any time and the state can be documented; and (3) the validity of
the emerging structures can be statistically verified. On the other hand, there is research that attempts
to compare ANNs by means of simulation with statistical models of multiple regression, discriminant
analysis and logistic regression in prediction and classification, demonstrating a performance of ANNs
similar or superior to the other models [70].
Thus, SOMs are raised as a tool that the analyst has at his or her disposal to analyze, represent,
and visualize data [71]. SOMs have a number of operational advantages: (1) they are suitable for
exploratory analysis [60]; (2) they allow all original variables to be visualized simultaneously [47];
(3) they show much more powerful representations than methods using classical linear analysis [48];
(4) they cluster in a more robust and complete way than traditional descriptive methodologies [72],
specifically than K-means [50]; (5) they allow an effective visual exploration and validation of
the results [73]; and (6) facilitate a powerful visualization easy to interpret [47], maintaining the
topological relationships of the data [48]. The SOM can be used with both quantitative and qualitative
variables [68,74,75] and results similar to those achieved with a panel of experts [76] can be obtained,
thus allowing for improved results and savings in operating costs in the process.
2.3. Obtaining Metrics Based on Case Studies Using Artificial Intelligence
2.3.1. Obtaining profiles
This phase was based on the creation of a clustering model and knowledge of the data and
morphological features of urban fabrics. An ANN was used for this, specifically, the SOM methodology.
This methodology, being unsupervised, allows the cluster without attributing any label of definitions
and meanings that must be previously attributed. This is a useful methodology to reduce the enormous
complexity of the data [60].
The clustering of the urban fabrics in profiles is carried out by means of an additional Ward cluster
analysis on the map. Thus, prototypes are generated by modeling patterns and trends in information [43].
The choice of the number of clusters or profiles to be reached has been a much-researched problem, with
multiple different methods and criteria [47]. The use of a combination of such methods is common [77].
A distinction can be made between such methods, which presents a statistical approach and uses
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validation metrics, such as “sums of squares”, or dispersion [78]. These include the Ball and Hall
index [79], Calinski and Harabasz [80], the Davies-Bouldin [81], the Silhouette Coefficient [82], the
Cubic Clustering Criterion [77], and the method based on the evaluation of dendrograms [77]. In order
to decide on the optimal number of clusters, an analysis was performed using multiple indices, up to a
total of 27 different indices. For this purpose, the tool constituted by the package “clusterCrit” [83] of
the Software R Project for Statistical Computing was used. The results of these indices are interpreted
globally, both numerically and graphically, with special consideration given to those indices that obtain
the best results in certain studies [84]. Finally, a number of clusters is obtained with which the profiles
of urban fabrics are identified and characterized.
2.3.2. Characterization of the profiles: Obtaining the metrics of the density of each profile
To facilitate the understanding of the profiles obtained and thus obtain the metrics that govern it,
each cluster was characterized with its basic statistics, such as the mean, standard deviation, maximum
and minimum [85], mainly in order to obtain two additional results: (1) the factors or variables that are
relevant for the effect and (2) the value or effect size [86]. For the analysis of the profiles, together with
the statistical information that defines them, the mono-variable SOM Maps are valuable, allowing to
evaluate relationships and correlations between the variables in a graphic and intuitive way. Based on
the recommendations made by the American Statistical Association [87], for each variable and profile,
together with the statistical significance, its effect size (ES) was calculated [88]. Statistical significance
was calculated using the bilateral Student’s t test (p-value ≤ 0.05), which makes it possible to determine
whether there is a significant difference between the means of the identified profile and the set of
fabrics under study. The effect size and, specifically, the Cohen’s d effect size is a quantitative measure
of the magnitude of a phenomenon. In our case, it is a measure of the influence that each variable
has on the profile understudy, and it is calculated as the standardized mean difference, i.e., as the
difference of the mean between the experimental group (profile) and the mean of the control group
(population mean), divided by the standard deviation of the population [88]. In order to facilitate the
interpretation of the ES and as a key metric of the relevance of the variables in the definition of each
profile, the effect sizes are indicated following Cohen’s criterion [89]. Thus, for each variable involved
in the construction of the profile, the ES is shown as follows: +++ large positive effect, ++ medium
positive effect, + low positive effect, - low negative effect, - - medium negative effect, - - - large negative
effect. Thus, each profile is described together with the centrality values of each variable (mean and
standard deviation), by a qualitative and quantitative measure of the relevance of each variable in
the definition of such profile. In other words, a metric is obtained that allows the identification of
the variables that help to pick out the density represented by the profile, and that should, therefore,
be considered in any process of evaluation and reproduction of the density in question. The Viscovery
SOMine 5.0.2.t. software (Viscovery Software GmbH, Vienna, Austria) was used for the construction of
the SOM (self-organizing maps) model due to its good results at the visual representation level [90].
3. Results
3.1. Classification of Urban Fabrics into Profiles
Following the methodological process described in Section 2, through an iterative process and
the evaluation of the results, the clustering was carried out through the SOM. As shown in Figure 1,
based on technical criteria for the best interpretation, as it is explained below, a classification into
12 profiles was considered appropriate. This figure shows the Self-Organizing Map in which the
identifying code [29,30] of each one of the urban fabrics of the study is marked with a red font, and
each one of the 12 identified profiles with a larger font.
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Figure 1. Representation of the 117 urban fabrics of the study [29,30], obtained through Self-
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Each of the urban fabrics represented in Figure 1 is shown, according to the SOM criteria, 
together with other similar fabrics, thus presenting the most similar urban fabrics closest to each other 
and the most different fabrics most distantly from each other. 
The next step is the process of clustering the SOM results: 
For this analysis, a priori, 14 is chosen as the upper limit considering that greater partitions could 
make interpretation and relevance difficult in relation to the 117 tissues studied. When observing the 
best partitions of the 27 best number of clusters, both numerically and graphically (Figure 2), it is 
observed that there is a certain disparity between them. A significant repetition of the partition of 
two profiles can be highlighted, confirming that the partition in two profiles tends to be the most 
frequent in morphological analysis [40]. 
  
Figure 1. Representation of the 117 urban fabrics of the study [29,30], obtained through Self-Organizing
Maps (SOM). The code of each urban fabric is identified in red font. According to the SOM criterion,
the urban fabrics that present a greater proximity in the map present a greater global similarity in
their features. It is delimited and annotated in a font of text greater in number of profiles to which the
studied fabrics belong. Source: Compiled by the authors.
Each of the urban fabrics represented in Figure 1 is shown, according to the SOM criteria, together
with other similar fabrics, thus presenting the most similar urban fabrics closest to each other and the
most different fabrics most distantly from each other.
The next step is the process of clustering the SOM results:
For this analysis, a priori, 14 is chosen as the upper limit considering that greater partitions could
make interpretation and relevance difficult in relation to the 117 tissues studied. When observing
the best partitions of the 27 best number of clusters, both numerically and graphically (Figure 2), it is
observed that there is a certain disparity between them. A significant repetition of the partition of two
profiles can be highlighted, confirming that the partition in two profiles tends to be the most frequent
in morphological analysis [40].
The statistical data corresponding to the partition in two clusters is shown in Figure 3, labeled
as Pattern A and Pattern B. With the intention of obtaining more detailed and enriched information
on urban fabrics, it is considered important to carry out clustering in a larger number of 2 clusters.
Figure 2a shows the presence of the second maximum in 9 clusters, Figure 2c, minimum in 6, 10 and
13 clusters, Figure 2b shows maximal differences in 9 and especially in 12 clusters. Finally, Figure 2d
shows minimal differences in the interval from 9 to 14 clusters. In view of all this, it is considered
appropriate to evaluate in deep the interval of optimal clusters between 9 and 13.
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Table 1. Key metrics of profile 2 density compared to total population. Abbreviations: units: urban
fabrics; M: Mean; SD: Standard Deviation; Conf.: Confidence (p-value: ns: p > 0.05; *: p ≤ 0.05;
** p ≤ 0.01; ***: p ≤ 0.001; ns: Non-significant); T: two-sided T-test; ES: Size of Effect (+++: Large
positive; ++: Medium positive; +: Small positive; - - -: Large negative; - -: Medium negative; -: Small
negative). Source: Compiled by the authors.
Measurements
Population Profile 2
117 Units. (100%) 20 Units. (17.09%)
M SD M SD Conf. T ES ES
Island-A 6.063 5.277 11.129 4.828 *** 4.327 0.960 +++
Island-FSI 1.540 1.261 0.522 0.275 *** 15.228 −0.807 - - -
Island-GSI 0.384 0.223 0.188 0.059 *** 13.808 −0.883 - - -
Island-OSR 1.375 2.763 2.208 1.576 * 2.177 0.301 +
Island-L 3.800 2.197 2.756 1.152 ** 3.733 −0.475 -
Fabric-A 8.086 6.148 13.79 5.969 ** 3.938 0.927 +++
Fabric-FSI 1.056 0.852 0.428 0.245 *** 10.573 −0.737 - -
Fabric-GSI 0.267 0.152 0.152 0.048 *** 9.974 −0.754 - -
Fabric-OSR 1.792 2.919 2.861 2.025 * 2.178 0.366 +
Fabric-L 3.800 2.197 2.756 1.152 ** 3.732 −0.475 -
Fabric-N 0.019 0.010 0.012 0.003 *** 8.988 −0.680 - -
Fabric-w 141.890 92.800 183.180 62.280 * 2.733 0.445 +
Fabric-b 17.803 8.877 17.294 3.331 ns 0.630 −0.057
Fabric-T 26.966 12.234 19.235 5.562 *** 5.730 −0.632 - -
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To support the decision of the final nu ber of clusters, it is chosen to co ple ent the statistical
criteria with other state of the art criteria. Among them, the one proposed by Joseph F. Hair Jr. et al. [91]
stands out. It defines an adjusted range with which it is estimated that it will be possible to interpret
the clusters. This range is based on manageability and efficiency criteria for communication and
interpretation of results. After the first results by means of a practical judgment, based on the common
sense of the researcher and on theoretical foundations, the final number is increased or reduced,
based on conceptual aspects of the problem in question which are relevant to expert knowledge of
the analyst. According to its author, this method usually provides a better solution than those based
exclusively on statistical criteria and far removed from the field of the specific study [91]. In view
of the foregoing and in view of the descriptive nature of this research, the use of the latter criterion
for the definition of the number of profiles is considered perfectly valid, restricting the number of
profiles to a conceptual criterion of the problem. Thus, an iterative process is carried out in which the
number of profiles grows between 9 and 13, allowing the evaluation of their meaning and relevance for
the object of the study. The process ends when it is no longer possible to explain, with the necessary
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clarity, the meaning of a new profile, or on the contrary, its excessive fragmentation presents little
value at a practical and conceptual level in the research. In our case, the process stopped at 12 profiles.
In Profile 2, which is described in the Results section, a large number of fabrics from German “Siedlung”
neighborhoods abound, presenting a high degree of formal, spatial and even historical coherence.
Thus, fragmenting the sample into 13 clusters divides profile 2, segregating the German Siedlungen
into different profiles and breaking, in some way, the coherence previously found in such profile.
For this reason and on the basis of the best conceptual criteria on the issue in question, the optimal
division into 12 profiles of urban fabrics was considered in our case.
3.2. Characterization and Comparison of Profiles. Built Density Metrics Extraction
The next step according to the methodology consists of characterizing each of the 12 profiles
obtained in the previous step. For this purpose, the basic statistical data of the complete sample
were compared with those of each profile (Table 1). The means and the standard deviation were
compared, providing information on the statistical significance (Student t-test) of such segmentation.
Measures of Effect Size (ES) are also provided, which, together with the previous statistical significance,
constitute fundamental metrics of the relevance of the variable in the conformation of the profile
under study.
Figure 3 is provided as a synthesis of the density metrics of each of the 12 neighborhood profiles
obtained. It represents the Effect Size (ES) that each of the 13 variables has in the constitution of each of
the 12 profiles. The ES is indicated both qualitatively and quantitatively, marked in bold type and with
thick black squares when the influence is statistically significant (according to Table 1). The figure is
completed with an aerial photograph of one of the urban fabrics contained in each profile as a sample
of the type of density it represents.
The following are the main findings, characterization, and metrics of each type of density obtained
from the characteristics of each profile synthesized in Figure 3:
1. Density Montbau Type [311] from Barcelona and similar fabrics: It presents metrics similar to
the average of the totality of the fabrics. There are direct proportional relationships between FSI
and GSI, between N and T, and an inverse relationship between w and T. This type of density
also stands out in relation to other densities close to a relatively low OSR index, while GSI
rises slightly, although it remains below the global average L, on the other hand, is significantly
above average. Other neighborhoods studied that correspond to Montbau Type Density include
Wildermanbuurt [170] (Amsterdam), Besos [302] (Barcelona), Rauchstrasse [213] (Berlin), Borrell I
Solier [303] (Barcelona), Buurt Negen [115] (Amsterdam) and Troelstralaan [159] (Amsterdam).
As for the spatial forms implied by this type of density, it can be said that its public space is largely
reserved for car, although spaces for pedestrians can be observed of a certain quality and with
signs of continuity in the network; there exists, although almost anecdotally, a slight typological
variability in the neighborhood. The arrangement of slab buildings responds fundamentally
to criteria of control of the sun and a certain interest in spatial formalization by means of their
volumetric contours.
2. Density Type Onkel-Tom-Siedlungen [210] from Berlin and similar fabrics: A moderately high w,
and a moderately low FSI, GSI and L are observed. It also stands out in the different fabrics that
the increase of FSI is accompanied by an increase of w. In summary, a moderate but generalized
and proportional decrease of all the traditional density indicators is observed with an important
increase of A. Other neighborhoods studied that correspond to the Onkel-Tom-Siedlungen Type
Density include Siemensstadt [216] (Berlin), Hufeisensiedlung -Britz- [205] (Berlin), De Berg
Zuid [117] (Amersfoort), Ijlst [134] (Wymbritseradeel), Staaken [217] (Berlin), Molenaarsgraaf
[142] (Graafstrom) and Wageningen-Hoog [166] (Wageningen). The urban morphology of this
density that has, among its specimens, several Siedlungen, is well known and has a remarkably
high proportion of collective spaces, a relatively low amount of road and a relative typological
variability, which generates interesting modes of interaction between the collective and the private
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spaces. Most of the configuration was developed through blocks of multi-family dwellings of
open configuration and row layout, sometimes accompanying the road. In these Siedlungen,
as in most of them, there is a relevant confluence between architectural values and the urban
organization of the whole, that is to say, the position occupied by each building was perfectly
studied for the elevation of certain urban goals, such as, for example, the enhancement of
perspective, spatial containment or the control of the scale of collective space.
3. Density Type Berlage Plan Zuid 3 [110] from Amsterdam and similar fabrics: Highlights by a high
FSI and GSI, with a relatively low w. It also highlights the fact that when GSI increases, this does
not necessarily lead to an increase in GSI. This is explained by the understanding that the FSI
is usually increased by an increase in the number of floors, without necessarily transforming
the footprint occupied by the buildings. The T is relatively high. Other neighborhoods studied
that correspond to the Density Type Berlage Plan Zuid 3 are Vaillantlaan [160] (The Hague),
Congres [305] (Barcelona), Gracia [309] (Barcelona), Java Island [135] (Amsterdam), Knsm Island
[137] (Amsterdam) and Weena [169] (Rotterdam). The morphology that configures this density
revolves around the idea of multi-family block buildings generally arranged around a pedestrian
courtyard for collective use.
4. Density Type Eixample from Barcelona [306] and similar fabrics: Highlights the important size
of the road and a low correlation between L and the resulting FSI. This denotes interventions
through additions to the original structure, probably increasing the constructed footprint or
GSI of buildings over time. Other neighborhoods studied that correspond to this density:
Zuidwest Kwadrant [177] (Amsterdam), Watergraafsmeer 2 [168] (Amsterdam), Venserpolder
[161] (Amsterdam), Vila Olimpica [315] (Barcelona), Peperklip [151] (Rotterdam), Berlage Plan
Zuid 1 [108] (Amsterdam), Karl-Marx-Allee 2 [206] (Berlin) and Grachtengordel [127] (Amsterdam).
This urban morphology is configured by means of multi-family block buildings arranged around
a pedestrian courtyard and generally for collective use. The difference with the previous density
type of Berlage Plan Zuid, lies in that in the Eixample from Barcelona, we can find an FSI and
a lower GSI, a higher W and consequently, a lower N, although the final computation of the
proportion of road over the total is very similar. We could conclude that one of the main differences
between the two densities is the greater distance between roads in the Eixample from Barcelona,
although it is compensated for, in some way, with a greater width of the latter.
5. Density Type Nieuw Sloten [146] from Amsterdam and similar fabrics: It emphasizes the
importance of the road, presenting more interwoven (N), but smaller width (b) and reaching a lower
percentage of road (T). There is also a relatively low Height of Buildings (L). Other neighborhoods
studied that correspond to the Density Type Nieuw Sloten are Huisduinen [133] (Den Helder),
Amsteldorp 1 [102] (Amsterdam), Stevensweert [158] (Maasgouw), Vreewijk [165] (Rotterdam),
Colijnsplaat [116] (Noord-Beveland) and Amsteldorp 2 [103] (Amsterdam). The urban morphology
is greatly influenced by the configuration of the terraced single-family buildings with the formation
of private courtyards inside the block.
6. Nagale Type Density [143] from Noordoostpolder and similar fabrics: Moderately low but
generalized and proportional intensity indicators are observed. A and w are slightly lower than
the average of all fabrics. Other neighborhoods studied that correspond to Nagale Type Density
are Niehove [144] (Groningen) and Wolveschans [172] (Leek). The resulting urban morphology
is relatively similar to the previous Density (Nieuw Sloten), although there is a very important
difference in the amount of public space. In Nagele is superior, reducing the GSI and resulting in
FSI. There is also a clear influence of a greater w in Nagele and simultaneously, the N descends,
denoting collective spaces of great importance.
7. Density Type Emmer-Erfscheidenveen [123] from Emmen and similar fabrics: Low-intensity
indicators stand out, all with balanced levels with respect to the medium type fabric. It also
produces a very high A, OSR, and w. On the other hand, there is a correlation that can be
expressed as follows: lower A, imply higher L, i.e., the smaller the plot, the higher the height.
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Other neighborhoods studied that correspond to the Density Type Emmer-Erfscheidenveen are
Hoog Soeren [132] (Apeldoorn) and Staphorst [157] (Staphorst). The urban form undergoes a very
important transformation in this typical density as the urban intensity is reduced considerably.
The characteristic typology consists of the detached single-family house with large gardens,
most of which are of a private nature.
8. Density Type Langswater [141] from Amsterdam and similar fabrics: They stand out for a high L,
a low index of T and GSI, and FSI slightly below the reference average. Other neighborhoods
studied that correspond to Langswater Type Density are Märkisches Viertel [209] (Berlin) and
Berlage Plan Zuid 2 [109] (Amsterdam). The configuration of this type of density revolves around
a block typology of high-rise multi-family dwellings without heterogeneity, which denotes a
scarce typological and urban variability, probably leading to a certain social homogeneity.
9. Density Barceloneta Type [301] from Barcelona and similar fabrics: It stands out for a high GSI
and also a high Island-FSI, which are compensated with the wide road space, obtaining more
contained data when referring to the fabric as a whole. The Ribera neighborhood [314] (Barcelona)
corresponds to Barceloneta density. The morphology of this type of density is clearly marked by
an extremely scarce public space and extremely high FSI. Curiously, most of the little space not
occupied by buildings is occupied by roads, totally nullifying any possibility of socialization of
public space.
10. Gothic Quarter Type Density [308] from Barcelona and similar fabrics: It stands out on one hand
for its high FSI and GSI, and on the other hand, for its low OSR, low w, reduced b, and low T.
All of them are indicators of great intensity. Another neighborhood studied that corresponds to
the Gothic Quarter Type Density is the neighborhood of Ciutat Vella [304] (Barcelona). The urban
form differs from the previous typical density of the Barceloneta with a greater width of mesh
and a consequent reduction in the percentage of road over the total land, which irremediably
causes an improvement in public space. This can be observed by a certain sponging thanks to the
appearance of a good number of places. Curiously, most of the indicators are similar to those of
Barceloneta, although, as it is easy to see, the urban result is very different. Here, it was verified
that a single indicator greatly transforms the resulting urban configuration.
11. Density Type Bijlmer Oud [112] from Amsterdam and similar fabrics: It stands out for the
exiguous and very limited road structure (N, T, and w), and for a high increase of L, but containing
the FSI, up to a few levels below the average by means of a low GSI. Bijlmer Oud’s morphology is
undoubtedly due to his extreme configuration. It hardly resembles any other of the neighborhoods
studied. It stands out enormously for the very scarce amount of road and the great distance that
it is necessary to cross until finding another axis of rolled accessibility. This results in enormous
amounts of land destined for the collective. This issue has probably led to the well-known social
problems of this unique proposal.
12. Density Rosengaarde Type [152] from Dalfsen and similar fabrics: All indicators point to very
low density and urban intensity. The morphology of Rosengaarde and Bijlmer Oud are clearly
different from the rest of the urban fabrics analyzed. There is no doubt that this is a very low
density; all parameters indicate this, leading to an equally low degree of urbanity and capacity
for social interaction.
One of the main findings of the study is the setting of profiles and robust metrics that allows the
characterization and definition of each of the different types of urban fabrics obtained, allowing us to
conclude that each profile has its own metrics, and specifically, each profile has certain variables that
are more suitable for definition and consequently, to assess the density built.
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4. Discussion
At the conceptual level, and in relation to the case studies evaluated in the paper, this paper
establishes a link with the research from which it obtains its main source of information [29,30]. One of
the aim of Bearghauser Pont and Haupt’s studies is the search and characterization of the concept of
density from the least possible number of parameters, with the intention of being applied to all types
of urban fabrics. In these studies, she exposes that such variables provide the sufficient and necessary
information about the fabrics and the urban form that it tries to qualify.
Once the results of our research were obtained, the suitability of Berghauser Pont and Haupt’s previous
approach of a few universally valid indicators was questioned. Then, based on the case studies in our study,
various assumptions were tested in which robustness was assessed to measure the built density:
1. In contemporary urban and spatial planning, multiple attempts have been made to define the
urban form on the basis of one or two fundamental parameters, mainly through the use of the
FSI variable and in a secondary and complementary manner with the GSI variable. It can be
verified that the use of these parameters or variables sometimes produces an acceptable approach
to the knowledge of urban forms and forms of urbanity, but in certain cases, it can be verified that
they are not sufficient or adequate for that purpose. This insufficiency can be seen, for example,
when comparing the fabric of [112] Bijlmer Oud and the fabric of [146] Nieuw Sloten, both in
Amsterdam. Table 2 shows that Bijlmer Oud has a Fabric-FSI of 0.76 and [146] Nieuw Sloten of
0.77, which are, therefore, very similar. At the same time, they present very different urban forms,
as can be verified in Figure 5. It is thus verified that the use of only one variable such as FSI is
insufficient to define and qualify an urban fabric. This confirms the earlier work by Berghauser
Pont and Haupt [29].
2. If on the other hand, we take, from the same Table and Figure, the urban fabrics [146] Nieuw
Stolen and [135] Java Island, also in Amsterdam; we can see that the GSI of both are very similar,
0.33 for the first and 0.34 for the second, but on the other hand, the second has an FSI of almost
triple that the first (0.77 vs. 2.09). It is also observed that the GSI parameter in isolation does
not provide enough information to determine or transmit the main characteristics of fabrics and
their forms of urbanity, and can rather lead to misunderstandings if the parameters are handled
in isolation. It is clear that an approach to density from a single parameter, such as FSI or GSI,
is ill-advised to understand the intensities and urban forms that accompany them. This also
confirms the earlier work by Berghauser Pont and Haupt [29].
3. In this section, we analyze what happens when we take three variables considered representative
by Berghauser Pont and Haupt [29]. This research proposes the use of three fundamental
indicators: FSI, GSI, and N. To verify the validity and robustness of the results of this research,
we used the fabrics of the [168] Watergraafsmeer 2 and [116] Colijnspaat included in Table 3,
the fabric of Watergraafsmeer 2 included in Figure 6c,d, the fabric of Colijnspaat included in
Figure 6e,f. It can be observed that although the values of the FSI, GSI, and N of both fabrics
are quite similar. For this purpose, the percentile and z-score are provided as indicators in
Table 2. However, as can be seen through the floor plan and aerial photographs, the street designs,
urban forms, and forms of urban life, and even architectural typologies are certainly shown to
be different. In the fabric [168] Watergraafsmeer 2 (Figure 6c,d), the typology of multi-family
housing around collective courtyards predominates, as opposed to single-family dwellings with
a private plot of fabric [116] Colijnsplaat (Figure 6e,f). It can be seen that Berghauser Pont’s and
Haupt’s [29] method of three fundamental indicators is not always optimal when it comes to
characterizing and describing the fabrics it studies.
4. One of the main characteristics of SOMs involves the semantic representation through which each
entity studied is located on the SOM Map next to those similar entities. We can, thus, evaluate
the degree of similarity of the two previous fabrics in relation to the next ones in the SOM map.
Thus, in Figure 4, urban fabric circles are marked [161] Venserpolder, [168] Watergraafsmeer
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2, [116] Colijnspaat, and [145] Niewpoort. If we first compared the fabric [116] Colijnspaat
(Figure 6e,f) with the fabric [145] Niewpoort (Figure 6g,h); we can see that in the SOM map
(Figure 4, white circles), they appear very close, as Table 2 verifies that their FSI, GSI, and N values
are very similar. On the other hand, if we compare the fabric [168] Watergraafsmeer 2 (Figure 6c,d)
with the fabric [161] Venserpolder (Figure 6a,b), which are also close to each other on the SOM
map (Figure 4, red circles), Table 2 demonstrates that, unlike the previous ones, they have values
of FSI and N with remarkable differences. In Figure 4 we can see that [168] Watergraafsmeer
2 and [161] Venserpolder belong according to SOM analysis to profile 4, and [116] Colijnspaat
and [145] Niewpoort to profile 5. If we observe the statistical information in Figure 3, it can be
verified, among other things, that the variables Fabric-b and Fabric-T have a special relevance in
the definition of profile 4. This means that, for its correct identification, such variables should be
used, and not only FSI, GSI, and N. We can conclude that the variables FSI, GSI, and N are not
fully effective in characterizing urban fabrics. The methodology proposed in this paper, with the
whole use of all the original Spacematrix indicators, is more robust.
5. If the results obtained in the cluster analysis of Berghauser Pont and Olsson [26] are compared
with those obtained by means of the SOM methodology, it is possible to observe that, although
certain parallelisms and similar classifications exist, certain differences are observed based on the
greater robustness of the SOMs, but also due to the use only of the FSI, GSI, and N indicators,
instead of the initial 17 indicators. One of the 12 clusters defined in the paper [26], namely Cluster
2, includes fabrics [127] Grachtengordel (Amsterdam), [306] Eixample (Barcelona), and [204]
Hackesche Höpe (Berlin). On the other hand, according to the SOM methodology with its 12
clusters, fabrics [127] Grachtengordel and [306] Eixample are included in Profile 4, and, instead,
fabric [204] Hackesche Höpe is framed in our work in Profile 3, as can be observed in Figure 7.
If we analyze such fabrics, we can observe that there are indeed significant differences between
them: [127] Grachtengordel and [306] Eixample show a ‘b’ between 29–32 m and ‘T’ between
35%–36%, and instead [204], Hackesche Höpe shows ‘b = 13 m’ and ‘T = 13%’. Those values
are relevant in the definition of street type and public space, and Berghauser Pont and Olsson’s
methodology does not use for clustering other indicators different from FSI, GSI, and L [26].Sustainability 2019, 11, x FOR PEER REVIEW 17 of 24 
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Table 2. Comparative table of Fabric-FSI and Fabric-GSI of the fabrics [112] Bijlmer Oud, [146] Niew
Sloten, and [135] Java Island of Amsterdam. Data source: [29,30].
Sample of Urban
Fabric (City)
Floor to Area Ratio (FSI) Ground Space Index (GSI)
Profile (Pattern)
Units: m2/m2 Units: m2/m2
[112] Bijlmer Oud
(Amsterdam) 0.76 0.10 1 (A)
[146] Niew Sloten
(Amsterdam) 0.77 0.33 5 (B)
[135] Java Island
(Amsterdam) 2.09 0.34 3 (B)
Table 3. Comparative table of Fabric-FSI, Fabric-GSI, and N of [161] Venserpolder (Amsterdam), [168]
Watergraafsmeer 2 (Amsterdam), [116] Colijnspaat (Noor-Beveland), and [145] Niewpoort (Liesveld).
Data source: [29,30].
Sample of Urban Fabric
(City)
Floor Area Ratio Ground Space Index Network Density Proposed Profile
(Pattern)FSI (Perc.) Z-Score GSI (Perc.) Z-Score N (Perc.) Z-Score
[161] Venserpolder
(Amsterdam) 1.17 (64.6) 0.134 0.26 (56.8) −0.043 0.016 (43.1) −0.264 4 (B)
[168] Watergraafsmeer 2
(Amsterdam) 0.59 (36.2) −0.557 0.24 (51.7) −0.175 0.021 (66.3) 0.256 4 (B)
[116] Colijnsplaat
(Noord-Beveland) 0.58 (34.4) −0.568 0.30 (63.7) 0.219 0.022 (72.4) 0.360 5 (B)
[145] Nieuwpoort
(Liesveld) 0.67 (38.7) −0.453 0.36 (78.4) 0.613 0.020 (57.7) 0.152 5 (B)
Mean 1.06 (60.2) 0 0.27 (59.2) 0 0.019 (54.3) 0 -
Standard Deviation 0.85 (-) - 0.15 (-) - 0.010 (-) - -
The results obtained from different points of view are considered relevant, being of special interest
the capacity of the methodology, through its multi-variable analysis, to facilitate the analysis and
understanding of complex data. In this sense, the SOM methodology shows several key advantages.
Together with the robustness attributed by the state of the art to its clusters, the maps themselves
obtained by means of the SOM methodology, as they topologically organize each and every one of the
entities under consideration, allow the comparison of each urban fabric with the other fabrics and
with all the profiles obtained. In this sense, the SOM behaves as a data mining tool and at the same
time, as an aid system for decision making, clearly distinguishing itself from other methodologies
and clustering techniques. This holistic approach to the built density phenomenon facilitates the
understanding of urban issues and can consolidate as a tool that improves the understanding of
complex matters, allowing, at the same time, the generation of an interaction between architecture and
fabrics with other concepts or variables generally distant, such as economy, history, and politics [92].
Thus, it is possible to develop urban methodologies in which the knowledge of past and present
realities and dynamics facilitates the creation of new forms based on those of the past, making it
possible to delimit future ones from the knowledge.
Research is relevant in as much as it can be applied to various urban planning processes. On the
one hand, by knowing the metrics that govern each profile, it is possible to identify neighborhood
models or profiles that are considered a reference for their state-of-the-art qualities. In this way,
their metrics can be considered as guidelines for the elaboration of new proposals inspired by such
models, or they can be useful as a normative framework for the development of a specific territorial
scope or of a particular urban plan. Such metrics are usually set by the variables that have been
identified with a high effect size, approximating to the mean that presents the profile in such variables
within the corresponding framework delimited by the standard deviation. Another plausible option to
check the belonging to a profile by means of its analysis with self-organizing maps is to obtain the
relative position in the map, thus, identifying whether or not it belongs to the profile.
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Figure 5. Aerial photographs and floor plans of the following urban fabrics are shown: (a,b) [112] Bijlmer
Oud (Amsterdam); (c,d) [146] Niew Sloten (Amsterdam); and (e,f) [135] Java Island (Amsterdam).
Source Compiled by the authors using images from Bing Maps and reworked plans based on [29].
Base on the results obtained, the universal use of a limited number of indicators is discouraged
due to the relative inaccuracy. Likewise, the methodological proposal shows strategic advantages
by facilitating comparison between the different fabrics and the profiles obtained and is considered
especially relevant in areas of urban planning and design, which generally require quantitative variables
for urban regulation and the definition of land use.
If we analyze the limitations of this research, it is worth mentioning those presented by the SOM
analysis methodology itself, which are the ones that have the data with which it operates. The data with
which we worked refers to 117 urban fabrics that represent neighborhoods from only three countries
of origin and no selection process other than the one carried out by the authors of these data [29,30].
This number, although not particularly high, does not present any problems for use by ANNs in a
robust and efficient manner. It should also be borne in mind that the SOM model is trained with the
data supplied to it so that the results would gain in relevance if the representativeness and exemplarity
of the case studies can be guaranteed.
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0.59 (36.2) 
−0.557 
0.24 (51.7) 
−0.175 
0.021 (66.3) 
0.256 
4 (B) 
[116] Colijnsplaat (Noord-
Beveland) 
0.58 (34.4) 
−0.568 0.30 (63.7) 0.219 
0.022 (72.4) 
0.360 
5 (B) 
[145] Nieuwpoort (Liesveld) 
0.67 (38.7) 
−0.453 0.36 (78.4) 0.613 
0.020 (57.7) 
0.152 
5 (B) 
Mean 1.06 (60.2) 0 0.27 (59.2) 0 0.019 (54.3) 0 - 
Standard Deviation 0.85 (-) - 0.15 (-) - 0.010 (-) - - 
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Figure 6. Aerial photographs and floor plans of the following fabrics are shown: (a,b) [161] Venserpolder,
(c,d) [168] Watergraafsmeer 2, (e,f) [116] Colijnspaat, and (g,h) [145] Niewpoort. Source: Compiled by
the authors using images from Bing Maps and Google Maps reworked plans based on [29].
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Figure 7. Representation of the 117 urban fabrics of the study [29,30] obtained through self-organizing
maps (SOM). It is the same representation of Figure 1 but indicates these urban fabrics: [127]
Grachtengordel (Amsterdam), [306] Eixample (Barcelona) y [204] Hackesche Höpe (Berlin). Source:
Compiled by the authors.
The research and its methodology are totally scalable, and enable the increase of the number
of urban fabrics understudy and the adaptation of the successive profiles according to the available
information. A greater number and variety of case studies would improve the robustness of the
proposed clustering model and the current research is considered as a framework for future research.
5. Conclusions
This work arose to consider the importance of urban density in the configuration of sustainable
environments. The state of the art corroborates the complexity of such a concept, highlighting certain
gaps, which this work seeks to resolve. These are the identification of density profiles in a robust
way and with statistical verifications, the use of a diverse and wide number of density indicators,
and their application in several scales, specifically the fabric and island scales. The research also tests
the suitability of a limited number of widely accepted indicators in the definition of density, such as
FSI, GSI, and N or L.
This research proposes a methodology based on artificial intelligence that facilitates a holistic
approach to the concept of density, allowing the integration of its multiple measures and indicators.
The main aim was to verify the interest of the methodology to identify urban density profiles, as well
as their metrics, based on common indicators of constructed density. The research empirically uses a
set of 13 variables selected for their ability to characterize density, which are quantified in a total of 117
different urban fabrics. Twelve differentiated profiles were detected using the clustering methodology
based on artificial neural networks called self-organizing maps. The robustness of such profiles was
tested by various statistical analyses, including bilateral Student’s t analysis and d-Cohen Effect Size
evaluation. The study describes the different metrics that define each of the profiles, which are exclusive
and specific to each type of density obtained. These metrics allowed us to make a detailed description
of the urban configuration of each density in this paper.
The proposed methodology, based on a multivariable, global and holistic approach, allows the
change from a definition of urban morphology and its density, based on discrete, isolated,
and universally valid parameters, to a definition based on multiple identities or density profiles,
each with its own metrics and indicators that define it precisely in the qualitative identity of the urban
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form in a global and multivariable way. As was demonstrated, once the urban profile of interest is
selected, it can be measured and used to identify the proper metrics and indicators for its replication.
The results obtained represent a certain break with those approximations of the state of the art
that define the built density through a limited number of variables, universally valid for any type
of configuration and urban context. These results may have an impact on the way in which urban
planning and planning regulations define urban form through urban rules or ordinances.
This work is especially considered relevant at the methodological level. Self-organizing maps
have rarely been used in morphological analyses or in the study of urban fabrics. Among its main
advantages over other methodologies, such as cluster analysis and K-Means, is the robustness of the
clusters obtained, validated by the state of the art, as well as the interest of its graphic representations
or maps that characterize it. These maps allow comparisons to be made between the different urban
fabrics and the profiles identified from them, turning them into a tool for the generation of knowledge
and for decision support. In any case, this tool can be completed with a greater number of case studies,
as well as with the incorporation and justified suppression of indicators of the built density that adapt
pertinently to the specific field of study and to the issues that are considered relevant.
From the research carried out, it can be concluded that urban density must be observed from
multiple parameters, or metrics, using specific variables to define a built density. Therefore, there is
no single type of density that can be measured by universal indicators, but, rather, there are multiple
types of different densities, each of which must be characterized by its own metrics and indicators.
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